Drought index Drought attributes Demand induced stress Resiliency Climate variability Agriculture s u m m a r y A new drought index is introduced that explicitly considers both water supply and demand. It can be applied to aggregate demand over a geographical region, or for disaggregated demand related to a specific crop or use. Consequently, it is more directly related than existing indices, to potential drought impacts on different segments of society, and is also suitable to use as an index for drought insurance programs targeted at farmers growing specific crops. An application of the index is presented for the drought characterization at the county level for the aggregate demand of eight major field crops in the conterminous United States. Two resiliency metrics are developed and applied with the drought index time series. In addition, a clustering algorithm is applied to the onset times and severity of the worst historical droughts in each county, to identify the spatial structure of drought, relative to the cropping patterns in each county. The geographic relationship of drought severity, drought recovery relative to duration, and resilience to drought is identified, and related to attributes of precipitation and also cropping intensity, thus distinguishing the relative importance of water supply and demand in determining potential drought outcomes.
Introduction
Drought leads to high economic and social impacts (Lott and Ross, 2006; National Drought Policy Commission Report, 2000) . The diverse sectors affected by drought, its wide spatial and temporal distribution, and most importantly, the demand placed on water supply by human use systems makes it a complex phenomenon that needs systematic understanding (Wilhite, 2000) . While many global and national drought indicators exist (Drought.eng.uci.edu, 2015; Drought.gov, 2015; Droughtmonitor. unl.edu, 2015) , none directly connect existing or projected water demand to the potential water deficit during the drought. They are essentially supply based. The standardized drought indices (Palmer, 1965; McKee et al., 1993) consider only water supply but not water use by sector or in aggregate. Drought's impacts manifest as a supply-demand imbalance issue, and vary by location and by sector of use. If a location has low demands, drought as manifest in the usual indices does not really have the same impact, as in a region where most water is appropriated or allocated. In this paper, we present a new Demand Sensitive Drought Index (DSDI) that is based on daily water demand for selected crops, and the daily precipitation over the continental United States. Two measures for drought resiliency that are based on the probability of transitioning to a satisfactory state from an unsatisfactory state are presented at the county level. Proposed changes in a crop mix, i.e., the distribution of area allocated to each crop, can be mapped to changes in the DSDI, and hence both the changes in the potential resilience and the drought severity and duration conditional on a crop mix can be evaluated. An application to the conterminous USA is developed and presented. In addition to the computation of the measures, we present a manifestation of the spatial structure associated with the worst droughts in the USA using a K-means clustering analysis applied to the onset time and severity of the worst drought in each county over the period .
The background and underlying methodology is presented with a simulated example in Section 2. In Section 3, we present the application of the DSDI for aggregate agriculture (based on eight major field crops) across the continental United States. The spatial distribution of the drought properties such as onset, duration, severity and recovery times for multi-year droughts and the http://dx.doi.org/10.1016/j.jhydrol.2015.12.060 0022-1694/Ó 2016 Elsevier B.V. All rights reserved. resiliency rate and relative recovery rates are also presented in this section. Finally, in Section 4, we present the summary and conclusions from the study.
Background and methodology

A review of existing indices
A detailed review of the current drought metrics and methodologies can be found in Singh (2010, 2011) . The development of hydro-meteorological drought indicators has a long history (Heim and Richard, 2002) . These indicators are derived from direct meteorological and hydrological observations, from land surface models forced with observed atmospheric conditions, and from an increasing number of satellite-derived products, ranging from estimates of hydrological variables (precipitation, evaporation, soil moisture, and terrestrial water storage) to estimates of vegetation condition (Jiang et al., 2010) . An approach to aggregate many of these measures into a single analysis portraying the current, overall U.S. drought condition is embodied in the weekly, real-time production of the U.S. Drought Monitor (Ryu et al., 2010 (Ryu et al., , 2014 Svoboda et al., 2002; Wilhite et al., 2007) . Other drought indices include Rainfall Anomaly Index (Rooy, 1965) , Bhalme and Mooly Drought Index (Bhalme and Mooley, 1980) . More recently, the drought indices developed by Narasimhan and Srinivasan (2005) estimate the weekly soil moisture and evapotranspiration in hydrological model to obtain Soil Moisture Deficit Index and Evapotranspiration Deficit Index. Shukla and Wood (2008) suggested Standardized Runoff Index based on the SPI concept. Kwak et al. (2014) suggested a method of hydrological drought analysis using the run theory of Yevjevich (1967) . Recently, Rajsekhar et al. (2015) developed a multivariate drought index that combines regional precipitation and streamflow into a drought metric using information theory. Among various drought indices, the Palmer Drought Severity Index (Palmer, 1965) , Crop Moisture Index (Palmer, 1968) , Surface Water Supply Index (Shafer and Dezman, 1982) and Standardized Precipitation Index (McKee et al., 1993) are commonly used to inform water resources management, agricultural drought monitoring, and forecasting. Much of these drought indices are based on measures of deficiency of rainfall or streamflow compared to long-term average. The incorporation of evapotranspiration as a measure of water demand led to the development of a water-budget-based drought index by Palmer (1965) . The Palmer Index has nonetheless been criticized for how it treats factors such as potential evapotranspiration, runoff, snowmelt, and distribution of precipitation and evapotranspiration within a month or week (Alley, 1984; Karl and Knight, 1985; McKee et al., 1995; Guttman, 1997; Willeke et al., 1994) . Hayes et al. (1999) have argued that PDSI can be slow to respond to the development and diminishing droughts.
The case for Demand Sensitive Drought Index
We present a Demand Sensitive Drought Index (DSDI), which considers day-to-day rainfall variability as well as water demands to develop aggregate or disaggregated indices for water uses. The methodology is based on the sequent peak algorithm that is commonly used for the sizing of reservoirs (Thomas and Burden, 1963) . Variants of this methodology have been presented earlier to measure current water risk in India , China (Chen et al., 2013) and United States (Devineni et al., 2015) . Applied to a time series of water supply and demand, the algorithm identifies the drought stress as the cumulative deficit over the period under consideration. DSDI can thus be represented considering daily resolution of time series of supply and demand for a geographic unit j (e.g. U.S. county) as follows: deficit j;t ¼ maxðdeficit j;tÀ1 þ D j;t À S j;t ; 0Þ; where deficit j;t¼0 ¼ 0
deficit j,t refers to the accumulated daily deficit, D j,t to total or sector wise daily water demand, S j,t to the total daily water supply volume, for geographical location j, and day t; and n is the total number of years in the analysis. The maximum accumulated deficit estimated over the n-year period without breaking it into sub-periods is defined as DIC j (Drought Index Cumulated) . This measures the potential impact of multiyear droughts per demand sector, or in aggregate. One can develop the corresponding normalized drought index as:
where AP j is the average annual rainfall volume (cropped area * average depth of precipitation) for county j. The DSDI thus offers demand sensitive drought indexing tool for disaggregate regional conditions that consider demands per use sector or in aggregate. Given the ease of developing such an index, it is reasonable for water users to input their temporal demand and get a customized index specific to their demand patterns.
The measure provides insights on the time-evolving vulnerability to drought arising from changes in the climate, from that due to changes in non-climatic conditions (e.g., demand). For example, consider the simulated droughts sketched in Fig. 1 , where the varying contributions to the water supply are indicated by the blue bars, and the demand is given by the red line (primary y-axis). In this example, the demand (15 units) in Fig. 1a is greater than the demand (7.5 units) in Fig. 1b while the supply is kept constant for both the cases. The case depicted in Fig. 1a (greater demand) shows that the accumulated water supply is never sufficient to meet water demand. In other words, if a water deficit is defined as the difference between the accumulated supply and accumulated demand (for a specific purpose or in aggregate), the cumulative deficit (shown by the green line on the secondary y-axis) never reaches zero, indicating that the supply, while providing partial relief during the drought event, is nonetheless insufficient to meet the overall demand. Consequently, the drought continues through the full period shown. For the location with lower water demand as is shown in Fig. 1b , we can characterize the same overall time period as being divided into five distinct episodes of drought, each with smaller cumulative deficit (since demand is lower) than in Fig. 1a , with the water deficit reset to zero by intervening wet periods. The severity of a drought is defined as the maximum value of the cumulative water deficit over a given period of consideration. The simulation conceptually resembles the impact of drought on a region with greater current demand compared to historical demand or it resembles the comparison of two regions with similar rainfall distribution but varying demands. One could compare this result with the typical hydro-meteorological drought index for the same location (e.g. PDSI or SPI). In terms of assessing drought impacts, the indicator portrayed here has the advantage of breaking supply and demand down into their respective components, allowing us to better understand the causes of drought frequency, duration and severity from an impact perspective. The drought index is also a measure of the storage required to meet the time varying demand patterns in the region (see the classification of DSDI in Table 2 for an interpretation of the values). Hence, one can design the system (based on the estimate) for the worst dry periods in the sequence, thereby providing a robust measure of the ability to meet the demands without failure. As such, the index can contribute to developing more effective planning strategies for the managers to minimize drought impacts in the current or future climate and demands.
It further provides other important characteristics like the duration, severity, recovery time and the transition states of satisfactory conditions and unsatisfactory conditions. Fig. 2 shows a schematic of how these attributes can be estimated from the cumulative deficit time series. We define drought as the period when the cumulative deficit is greater than zero; i.e., the drought is initiated when the period of deficit is initiated. Within this period, the time until the maximum cumulative deficit (peak) is defined as the drought critical duration when the cumulative deficit creeps from zero to the maximum cumulative deficit. The system is most vulnerable during this time as it is depleting the water reserves in the region. The maximum cumulative deficit is defined as the severity of the drought. The time from the maximum cumulative deficit to the time the deficit recedes back to zero is defined as the recovery time. During the recovery time, the supply at time t is greater than the demand. The excess supply is used to replenish the water reserves used during the critical period. This is analogous to using groundwater during critical days and recharging during normal days to restore the water levels. However, the system is still recuperating and vulnerable. Appropriate management/recovery will depend on how resilient the environment is. Fig. 2 also shows how one can differentiate the system into satisfactory (S) and unsatisfactory (F) states. A satisfactory state (S) is identified when the cumulative deficit is either 0 or in the recedence phase (i.e. recovery time). The recovery phase is considered satisfactory since the additional water supply (beyond demand) is used to replenish the system reserves. An unsatisfactory state (F) is identified as the drought duration when the drought has initiated and creeping to the maximum cumulative deficit in that drought event. The transitions from an unsatisfactory state (F) to a satisfactory state (S) can be identified for the entire period of consideration and used to compute the resiliency rate as the probability of recovery from a failure state. Together, the probability distribution of the events (severity or duration or recovery) would also allow consideration of formal risk management strategies or risk exposure analysis relative to existing utilizable storage in an area.
Applications (detecting historical droughts for the agricultural sector)
The drought index described above is developed and presented for the agricultural sector over the continental United States given that agricultural water demand is dominant over much of the country. For conciseness, we present the results for the total agricultural water demand.
Data description
We present the results at the county scale, the common spatial unit for datasets representing the demand side of drought. Furthermore, we consider the water supply based on rainfall over the county. We deviated from conventional watershed scale analysis here to address the question of ''how sustainable are the water resources in a county during drought conditions". This allows for direct assessment of counties endogenous water sources and implicitly reveals dependence on exogenous supplies during drought periods. The potential spatial competition between counties and their hinterland for limited resources during drought periods will be revealed as a result. A thorough discussion on the choice of accounting unit is presented in Devineni et al. (2013) . The indices can easily be aggregated to various other regional scales depending on the sector and users. We are using the following datasets to estimate the water supply and crop water demand for each county:
(a) Gridded rainfall data from 1949 to 2010 (62 years) available at 12.5 km by 12.5 km spatial resolution developed by Maurer et al. (2002) were aggregated to 3111 counties and used to estimate the water supply in each county.
(b) Daily air temperature and wind speed from Maurer et al. (2002) available at the same spatial and temporal resolution were used to estimate the potential evapotranspiration for each grid (and then aggregated to county level) based on the Penman method (Lincoln et al., 2010) . Yoder et al. (2005) argued that this method gives a better estimate of the daily reference crop evapotranspiration in comparison to other methods such as the Hargreaves method (Hargreaves et al., 1982) . The FAO Penman method is also recommended as the sole standard method for estimating the evapotranspiration (Fao.org, 2014) subject to data availability. Terrain elevation data required for the estimation is obtained from Google Elevation API web service (Google Developers, 2014). (c) Time series of the crop area planted is obtained from the USDA National Agriculture Statistics Service, NASS (Quickstats.nass.usda.gov, 2014) .
Derivation of the drought index
We derive the index for agriculture that includes 8 major crops (corn, soybeans, hay, wheat, barley, sorghum, rice, and cotton). Among the $143 billion national crop revenue each year (Epa.gov, 2014) , those crops contribute to nearly 95% of the revenue (see Table 1 ). The daily aggregate agricultural water demand and water supply are computed as follow:
where D j t is the aggregate agricultural water demand time series (t = day) for the county j, S j t is the water supply for the county j, k cm is the FAO recommended crop coefficient for crop m; ET and the temporal variability of the potential evapotranspiration. Furthermore, since the actual water utilized on the field is greater than the consumptive water use estimated from the empirical equations, we could choose b m as the parameter to adjust for the additional losses affected from the application efficiency. For this application we used b m = 1 to reflect complete efficiency. In reality, a farmer or planner can input their efficiency (based on their practices and techniques) to generate a tailored index. P j t is the rainfall for day t, over the county j, a j is the factor that determines the usable fraction of rainfall by the crops over the net cropped area. For this analysis, a j is estimated based on the longterm runoff ratio of the county. The long-term runoff ratio R j P j ¼ average runoff average rainfall (an index computed to understand the partitioning of rainfall into runoff and evaporation) is often related to physiographic basin features and regional climate information (Berger and Entekhabi, 2001 ). We estimate a j as 1 À R j P j to reflect the average fraction of rainfall that remains for the consumption of the crops after runoff. For this study, we obtain the long-term runoff ratio at the hydrologic unit code level based on Sankarasubramanian and Vogel (2002) and aggregated it to the county level. These runoff ratios are also used in Devineni et al. (2015) to develop water risk maps for USA. Fig. 3 presents the spatial distribution of cropped area for the eight major field crops during 1950, 1970, 1990 and 2010 . Notice the patio-temporal movement of crops indicating the changing demand. It is important to note that the net cropped area NCA j for each county is the current net cropped area distribution. Due to the lack of the data availability, we did not consider the net cropped area that changes over time.
The DSDI, described in Section 2 is developed from this data to capture the influence of drought across years. It is computed as one number over the historical climate record. It represents the largest cumulative deficit between renewable supply and water use over the entire period. Consequently, it reflects the stress associated with multi-year drought impacts at a location. The magnitude of water deficits can be interpreted as the storage required to meet the demand given a variable climate and renewable water supply. The main components of drought that are of interest are the implications of the temporal imbalance of supply and demand at a spatial resolution consistent with decision-making. The index presented here focuses on drought as defined through a temporal integration of a cumulative deficit at a daily resolution and, hence, can be examined at different levels of aggregation, e.g., seasonal, annual, or over the period of record. Although the index is represented here based on the aggregate agricultural demand, it can easily be computed as a disaggregated index specific for each crop or sector. Hence, any user can input his demand profile and obtain a customized drought index that represents the specific durations, severities and recovery times. Consequently this serves as a better management and planning tool compared to the existing regional droughts indices.
Drought resiliency and recovery
In this section, we present the spatial distribution of the drought resiliency for the 3111 counties. We estimate the resiliency of a given region using two measures, the resiliency rate (i.e. the probability of recovery from a drought state) and the relative recovery (i.e. the average time it takes to completely recover from a drought compared to the duration of the drought). These two measures are described below:
Resiliency rate (c)
Following Hashimoto et al. (1982) , we first differentiate the system output space into satisfactory (S) and unsatisfactory (F) states (Fig. 2) . A satisfactory state (S) is identified when the cumulative deficit is either 0 or in the recedence phase (i.e. recovery time). An unsatisfactory state (F) is identified as the drought duration when the drought has initiated and creeping to the maximum cumulative deficit in that drought event. The transitions from an unsatisfactory state (F) to a satisfactory state (S) are identified for the entire period of consideration and the county's resiliency rate is defined as the probability of recovery from a failure state c j ¼ Pðdeficit j;t 2 F \ deficit j;tþ1 2 SÞ Pðdeficit j;t 2 FÞ ð6Þ Fig. 4(a) shows the spatial distribution of the resiliency rates (c) (presented as percentage) for all the 3111 counties in the United States. We can see from the figure that the southwestern United States, mid-western agricultural belt and the Carolinas have low resilience indicating prolonged drought with low probability of transition to a satisfactory state. This can happen either due to the lack of sufficient drought bursting rainfall events or higher demand or a combination of both with positive feedback mechanism to the atmosphere that leads to persistent dryness. Bravar and Kavvas (1991a,b) provide a theoretic framework for such prolonged drought events. While a perusal of Fig. 3 indicates that the low resilient regions coincide with high cropping intensity, it is also beneficial to know that these regions have low average annual rainfall with high inter-annual variability (figure not shown here). The regions with high resiliency are also the regions that are well endowed by rainfall with low inter-annual variability.
Relative recovery (d)
We define the relative recovery (d) as the expected value of the ratio of the drought recovery time to the drought duration time for each county. In Eq. (7), D i is the drought duration and R i is the drought recovery time for each drought event i. For each county, a drought event is defined when it has positive cumulative deficit. Within this period, the time until the maximum cumulative deficit is the drought duration and the time to complete recedence is the recovery time. The relative recovery (d) measures the rate at which a region (county in this case) will bounce back quickly from a prolonged drought. d > 1 indicates that the drought recovery time is greater than the drought duration on average. Such regions have slow recovery relative to the drought duration. Conversely, d < 1 indicates that the regions have rapid recovery in relation to the duration. Fig. 4(b) shows the spatial distribution of the relative recovery for all the 3111 counties. We can observe that much of the southern United States has a relative recovery rate that is less than 0.66 indicating that these regions typically have faster recovery time (less than 2/3) in relation to the corresponding duration time on Fig. 3 . Spatio-temporal evolution of the area planted for eight major field crops. Each column/year (1950, 1970, 1990, and 2010) represent the area planted for that year (a time span of 20 years is used). The colored labels (in percentage) represent the percent of the county planted with that crop. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) average. We can also see that the counties in the Southwestern United States, southern Plains and Carolinas that exhibit low resilience (i.e. those that are subject to prolonged droughts) typically have a low relative recovery time indicating that these regions typically recover quickly once the recedence starts. Regions in the northern and mid-west United States exhibit higher relative recovery rates and low resiliency. These regions have persistent droughts coupled with long bounce back times making them highly vulnerable. An interesting observation worth pointing out is that the northern counties of New York State exhibit high resiliency with low duration droughts, however, they have a high relative recovery rate also. This indicates that although there is a high probability of transitioning to a satisfactory state (S) from an unsatisfactory state (F), the time to complete recovery is long relative to the drought duration.
Spatial clustering of drought attributes
In this section, we present the spatial distribution of the drought properties (onset, duration, severity, recovery and resiliency) for the worst drought in the entire period of observation. The maximum cumulative deficit is first identified for each county as the severity of the worst drought. The corresponding drought onset year, duration, recovery and resiliency are then identified. We analyze the spatial congruence of the drought properties based on the Kmeans clustering algorithm (MacQueen, 1967) . Clustering analysis provides an objective way to classify droughts into sub-categories depending on the multivariate dependence between the variables. Such classification can then be linked to the geographic locations to understand the spatial contiguity of droughts. In this study, we employed the K-means method on the onset time and severity of the drought to find k-separations of the data based on maximum inter-cluster variations relative to centroid of each cluster. Fig. 5 presents the results from the K-means clustering on drought onset and severity for aggregate agricultural demand. The optimal number of clusters (four in this case) is determined based on the maximum silhouette value (0.6), a measure of how cohesive each cluster is and how well the clusters are separated. The boxplot of the drought attributes corresponding to each cluster is also presented in Fig. 5 . We can see a clear separation of clusters based on the onset of the worst drought. The counties under cluster 1 (Western States of Oregon, California and Arizona; Great Plains of Dakotas, Kansas and Oklahoma, and Southern States of Alabama and Georgia) had droughts that were initiated in the early 1950s, lasted for an average of less than 5 years and took as much time to recover. These were the regions also reported to have deficit rainfall during the 1950s and were reported to have an agricultural yield reduction of up to 50% (http://www.ncdc. noaa.gov/paleo/drought/drght_history.html). Since the index presented here is sensitive to agricultural water demand, we see that the counties that experienced drought in the early 1950s are also the counties that had agriculture prevalent during this time. Cluster 2 corresponding to the regions of southern Plains and the Ohio Valley had worst drought (in the 62 year record) initiated in the 2000s, lasted for an average of two years and recovered quickly. Much of these regions were reported to have experienced droughts based on the SPI or PDSI. The DSDI presented here complements the existing drought indices by providing the impact of drought as seen from demand in the region. Clusters 3 and 4 correspond to the agricultural belt of the mid-west USA and some counties in California. These two clusters are distinctly separate from the other clusters with an onset around 1970s. Furthermore, cluster 4 has a clear separation from other clusters in terms of its severity (DSDI). A DSDI greater than 1 represents the case where the cumulative deficit is greater than the average endogenous rainfall. The annual rate of consumption in these counties is much higher than the average utilizable rainfall rates and they are under chronic water stress. Majority of the counties in this cluster are heavily reliant on groundwater to meet irrigation water needs. Notice that the recovery time for the counties in this cluster is shown as the maximum number of years, since the worst drought never ends. In fact, a county with a high DSDI (>5) usually presents a cumulative deficit that never decreases since its onset in the 1970s (see for example, boxplot of recovery time for cluster 4). This is also seen in the boxplot of the resiliency and relative recovery for the cluster. The counties in cluster 4 have very low overall resiliency and high relative recovery rates. Such counties suffer from chronic water stress. The water deficit is met by means of water imports (interbasin transfer) or groundwater extraction. Substantial pumping of groundwater in these regions for irrigation since the early 1970s led to a large water table decline. The areas identified in cluster 4 also correspond to the maps of the groundwater depletion or over exploitation recently presented by Konikow (2013) . These regions were also reported in Gardner and Kramer (1986) and Glauber (2013) as the regions of in-migration in response to the federal crop insurance and disaster relief program since 1970s. An examination of the temporal distribution of annual rainfall and annual agricultural demand along with the temporal distribution of the cropped area for counties in cluster 4 also reveals this trend. Fig. 6 presents the time series of the median (across the 207 counties in cluster 4) of annual rainfall and annual agricultural demand and the cropped area. We can observe the dramatic increase in the cropped area since 1970s and the resulting increase in the water demand. Since the average water demand is greater than the average renewable water supply, the region is experiencing a persistent water stress since 1970s. The importance of demand in developing a drought index can also be seen from Fig. 7 that shows the drought resiliency for the counties in cluster 4 under three different demand scenarios. In the first case, we hold the demand of 1950s constant for the entire history, simulate drought events and compute the resulting resiliency metric (i.e. the probability of transitioning from drought to a satisfactory state). The second case is the baseline case where the demand changes every year. In the third case, we simulate drought with the current demand (2010s) and then compute the resulting drought resiliency. The agricultural demand in these counties has progressively increased since 1950s. We can clearly see that the drought resiliency decreases as demand increases. The drought index presented here clearly distinguishes the impact on a region resulting from deficit rainfall and increasing demands and hence provides valuable information for water managers who can evaluate the changes in the drought attributes with proposed changes in the crop mix. While the results presented here are based on the aggregate agricultural water demand, the algorithm can be modified to generate a customized drought index specific to a crop or demand sector.
Time-series comparison of DSDI with PDSI
We compare the annual maximum cumulative deficit with the annual PDSI from 1949 to 2007 for two contrasting regions; one having low demand induced stress and one having high demand induced drought stress. The data for PDSI is available from the National Center for Atmospheric Research (NCAR) at spatial resolution of 2.5°Â 2.5° (Heddinghaus and Sabol, 1991; Guttman, 1991) . Hence, for comparative purposes, we average the annual maximum DSDI over the counties that make up the PDSI grids. We select two grids, one having low demand induced stress (DSDI < 0.3), and one having high demand induced stress (DSDI > 5). While the low stress region represents locations where demand is essentially temperature driven (much like in PDSI), the high stress region represents the locations where demand is driven by intensive agricultural activities. Fig. 8 presents this comparison. In general, high DSDI values correspond to negative PDSI values (indicating droughts) in the low stress regions (Fig. 8 -top-left) . However, we do not see a relation between PDSI and DSDI for the region that is driven by demand-induced stress (Fig. 8 -topright) . The demand accounting in PDSI is only based on potential consumption by grasses (Palmer, 1965) . It does not account for total water use in the area. Consequently, our comprehensive drought indicator that covers total water use relative to utilizable precipitation will not match the PDSI for high stress regions. The time series of PDSI is compared to annual maximum DSDI for the low stress region in Fig. 8 (bottom panel) . Both PDSI and DSDI reveal the droughts of the 1950s and the 2000s for the low stress region. Moreover, DSDI clearly shows additional drought periods from 1970 to 1990 to reflect the agricultural boom in the 1970s that is not clearly seen from PDSI.
Summary
While the need for managing water for reliable supply has been acknowledged regularly, there is often a lack of reliable information on water usage/demand at the local level. Consequently, the nature of risk in different socio-economic and geographic settings has not been articulated beyond a simplistic analysis of the potential imbalance between estimates of average annual supply and demand. The considerable debate on the classification of drought and the lack of a uniform methodology has made it difficult to devise a universal drought index. Compared to other natural hazards like floods and hurricanes that develop quickly and last for a short time, drought is a creeping phenomenon that accumulates over a period of time across a vast area and the effect lingers for years even after the end of the drought. This characteristic has impeded the development of accurate, reliable and timely estimates of drought severity relevant to specific uses and ultimately the formulation of long term operations and drought preparedness plans. Regional drought planning often suffers from a general lack of data and clear metrics that inform drought emergence, peaks and recovery at appropriate spatial resolution that are important for decision makers, and as a result, the process of drought identification can become a subjective exercise in interagency communication and coordination rather than an analytical exercise grounded in actual data (Pratt, 2012) .
The drought index presented here focuses on water stress as defined through a temporal integration of deficit at a daily resolution. The average supply demand imbalance is automatically accounted for. The index is presented here for aggregate agriculture based on eight major field crops in the United States, but can be disaggregated into individual crop/demand indices. Furthermore the index can be derived for or integrated with other water use sectors such as industrial and domestic uses. In terms of assessing drought impacts, the indicator portrayed here has the advantage of breaking supply and demand down into their respective components, allowing us to better understand the causes of drought frequency, duration and severity from an impact perspective. As such, the index can contribute to developing more effective planning strategies for the regional managers to minimize drought impacts in the current or future/projected climate and demands. The daily integration feature of the index makes it possible to be examined at different levels of aggregation, e.g., seasonal, annual or over the period of record. The index directly informs storage requirements needed to meet the projected supply-demand imbalance at desired levels of reliability (explicit or implicit), and hence can be connected more directly to infrastructure, planning or water conservation needs, or the size of trans-basin diversions. The index also reveals the dependence of a county on external water source such as groundwater stores or inter-basin transfers. We found that most counties in the mid-west presented chronic stress and can be assumed to fall in this category. The derivation of resiliency measures makes it easy to understand the potential exposure by location, and is hence useful for siting decisions. Future climate scenarios or season ahead climate forecasts can be readily accommodated to provide projected risk per demand sector, and integrated with a drought monitoring plan that indicates the current level of accumulated deficit or stress. Potential impacts of climate change on supply and demand and hence drought impacts can also be explored along with whether conservation/efficiency improvement efforts or different ways of caching surface and groundwater storage access through infrastructure and water transfers are likely to be more effective to mitigate climate/ drought impacts in a county/regional situation. 
